Abstract-Breast cancer is a major disease posing many therapeutic and societal challenges. The major problem remains the diversity of the disease. Breast cancers are divided in several distinct subtypes, but the specific mechanisms involved in each subtype are not understood. We apply advanced network medicine techniques to the analysis of transcriptomics data of several breast cancer cell lines. We show that different subtypes are characterized by highly heterogeneous pathway activity. Using the overlap between differentially expressed genes and drug-induced expression changes, we present candidate drugs for repurposing. Furthermore, we find different active subnetworks across the subtypes, regulated by distinct transcription factors. All these results are made available via a user-friendly portal at http://phenome.manchester.ac.uk/breastcancer/ .
I. INTRODUCTION
Breast cancer is one of the most common types of cancer among women and is therefore a leading cause of cancerrelated death. Approximately one in eight women in the Western world develops breast cancer throughout her life [1] . Breast cancer is a heterogeneous group of various disease subtypes, each with its own clinical and biological features [2] . Based on gene expression profiling, studies have presented widely applied molecular classification of breast cancers consisting of three main subtypes: luminal, basal-like and HER2-positive [3] . To this classification can also be added rare subtypes of breast cancer such as claudin-low [4] .
The transcriptome in cancer contains RNA-based alterations including changes in messenger RNAs. Based on these changes, gene transcripts can be used to identify different breast cancer subtypes. Gene expression profiling enables the identification of gene signatures to predict prognosis and guide the use of adjuvant therapy [5] . Gene expression profiling or transcriptomics is beneficial for clinical decision-making in breast cancer treatment [6] . In clinical practice, data from genes, transcripts and proteins are used for cancer monitoring starting from diagnosis to development of novel therapies [7] . Moreover, transcriptomics-based analyses produced an improved prediction of breast cancer survival when compared to standard systems based on histological, physical and clinical criteria such as patient age, tumour size and grade, or axillary lymph nodes affected [5, 8] . Daemen et al. (2013) examined approaches for predictive marker development by evaluating the responses of 70 breast cancer cell lines to 90 compounds. Two independent machine learning methods were used to identify pretreatment molecular features associated with responses to drugs within the cell line panel. The researchers identified correlations between the molecular features and drug responses by applying machine learning-based methods. They also developed a software package to predict compound efficacy in individual tumours based on their omics features [9] .
Nowadays, large amounts of raw transcriptomics data are deposited in specialized public repositories, such as ArrayExpress and GEO, which offer the option to reanalyse the transcriptomics data and meta-data [10, 11] . The analysis of existing datasets generally concludes in a list of differentially expressed genes, which are then functionally annotated [12, 13] .
The field of network medicine offers new opportunities to explore the molecular relationships between cellular components involved in diseases [14, 15] . Using these approaches, new disease-related genes, drug targets and biomarkers can be identified [16] . Here, we aim to reanalyse some of the existing breast cancer transcriptomics data using state-of-the-art network-based techniques, in order to better characterize the pathways and cellular processes that distinguish the different subtypes. We developed a web portal to permit exploration and comparisons of publicly available breast cancer transcriptomics data in order to distinguish the different subtypes and reveal their underlying molecular profiles. The BreastCancerVis portal is an easy to use tool for bench scientists which does not require the download of raw data. It enables these data to be examined and the similarities or differences between various breast cancer subtypes to be investigated.
II. METHODS
RNA-seq fastq files and meta-data were downloaded from SRA [17] . Using the Ensembl transcriptome reference (release 79), pseudo-alignment and quantification of reads was performed with Kallisto [18] . The RNA-seq data was processed according to the following steps: MultiQC to generate summary reports of the FastQC read statistics and Kallisto mapping logs for quality control [19] ; Tximport to summarise the mapped transcript level counts to gene level counts [20] ; sva to perform batch effect correction with automatic identification of the number of surrogate variables [21] . Outliers were identified using Principal Component Analysis (PCA) plotting and removed from subsequent analysis. Fold changes and p-values of all genes and in all comparisons were calculated using DESeq2 [22] with Benjamini-Hochberg correction for multiple testing. The surrogate variables were incorporated as co-variants in DESeq2 to correct for the identified batch effects.
These outcomes were further analysed in a downstream pipeline consisting of: differentially expressed gene identification with an absolute fold-change of 1.5 and an adjusted p-value threshold of 0.05; Gene Ontology biological process (GOBP) enrichment using GoSeq [23] with an adjusted p-value threshold of 0.05; redundancy reduction using the Revigo algorithm with the Resnik semantic similarity threshold set to 0.4 [24] ; pathway enrichment using a previously described reduced set of pathways [25] .
The STRING database was used to reconstruct the human protein-protein interaction network, filtered using an edge confidence threshold of >400, then removing text-mining derived edges and keeping the largest connected component [26] . The database RcisTarget was used to identify putative transcription factor motifs [27] . Active subnetworks were computed using the GIGA algorithm [28] . Amigo was used to investigate major functions of the subnetworks.
We used the LINCS L1000 perturbation database, accessed with the L1000CDS2 API, to find overlaps between the gene expression signatures and the observed differential expression to identify potential drugs that could reverse observed dysregulated functions in the cancer subtypes [29] . Networks were visualized using the yWorks yEd graph editor. All these analyses were made available on a web portal at http://phenome.manchester.ac.uk/breastcancer/ . The website was implemented using the R Shiny library [30] .
III. RESULTS
Our main aim was to analyse data from different subtypes of breast cancer in order to identify the differences that distinguish these subtypes. We used an existing breast cancer transcriptomic dataset consisting of 56 samples [9] and processed it using an in-depth transcriptomic analysis pipeline. The raw data analysed through this pipeline generated several expression response profiles with quality control and PCA, differential expression and comprehensive downstream analysis comprising of pathways, GO terms, drug enrichment and active sub-networks ( Figure 1 ). The dataset was human and RNA-Seq based. 
A. Differentially expressed genes (DEG)
The initial step of the analysis determined the similarities of gene expression profiles in the different breast cancer subtypes in order to assess relations between them. In the DEG analysis, we included various conditions indicating comparisons of nonmalignant breast cancer with other subtypes such as: Luminal, Claudin-low, Basal and Unknown.
PCA was used to visualise overall relations between gene expression profiles. Figure 2A shows the separation of the samples by the top two principal components explaining the variation after any batch effect correction. It shows a good discrimination between the three main cancer subtypes (Basal, Claudin-low and Luminal).
We continued by comparing DEGs in different subtypes of breast cancer in order to find whether they are distinct or common to several subtypes ( Figure 2B ). We observed that the breast cancer subtypes have a different genomic signature, even though they belong to the same cancer type. The smallest overlap is observed between Claudin-low and Unknown, which only have 25 DEGs in common. A lot of DEGs are specific to one subtype; the highest number of specific DEGs is observed in the Luminal subtype (3290). These results emphasize the importance of distinguishing between the various subtypes and not analysing breast cancer as a single, homogeneous disease. 
B. Gene Ontology (GO)
The gene ontology is a standardized vocabulary used to characterize the functions of genes [31] . We used the biological process aspect, which describes the biological functions that the genes contribute to. We listed the DEGs in all the conditions to find the set of GO terms that were enriched. The most enriched GO terms across all the conditions were: "cornification" (6E-23), "skin development" (3E-16), "epithelial cell differentiation" (3E-13), "extracellular matrix organization" (8E-13), "epidermis development" (2E-10), "regulation of cell migration" (3E-8) and "blood vessel development" (7E-8). These functions are all related to tumour development, however this mode of analysis does not clearly discriminate between functions enriched in different subtypes.
In order to better visualize the commonalities and the differences between the cancer subtypes we represent these results in the form of a bipartite network, where one subset of nodes are conditions and the others are GO terms; each GO term is connected to a condition if the p value of the GO term in the condition is below 0.05 (Figure 3 ). This visualisation shows that there are GO terms common to more than one condition: "regulation of cell adhesion", "peptide crosslinking" and "extracellular matrix organization" are present in five conditions; "hemidesmosome assembly", "tube development" and "regulation of cell migration" in conditions; "response to wounding", "epithelial cell proliferation", "ossification", "regulation of receptor activity", "epithelial cell differentiation", "intermediate filament-based process", "response to estrogen", "gland morphogenesis" and "blood vessel development" in three conditions. Conversely, there are GO terms associated with a single subtype of breast cancer, for example: "inflammatory response" in Claudin-low vs Basal, "cell fate commitment" in Basal vs Non-malignant, "cell adhesion molecule production" in Luminal vs Non-malignant. The condition with the highest number of unique interactions is Claudin-low vs Basal (20 unique GO terms). No enriched GO term was associated with Unknown vs Non-malignant and Basal vs Unknown conditions. 
C. Pathways
Pathways are grouping of proteins contributing to defined cellular processes. Pathway analysis is widely used to give a description of activated cellular functions in certain conditions [32] . For a more precise characterisation we used a reduced set of pathways presented in [25] , since existing pathway databases contain redundancies.
We listed the pathways that contained a significant number of DEGs in each condition. We found differentially expressed pathways (DEP) in 7 out of 10 conditions; no DEP was found in Basal vs Non-malignant, Basal vs Unknown and Nonmalignant vs Unknown.
The most enriched DEPs were: "beta1 integrin cell surface interactions" (6E-6), "collagen biosynthesis and modifying enzymes" (5E-5), "hematopoietic stem cell differentiation" (1E-4), "nuclear receptors meta pathway" (2E-4), "cytokine receptor interaction" (5E-4) and "vitamin D receptor pathway" (8E-4).
To better visualize the commonalities and the differences between the cancer subtypes we again represented these results in the form of a bipartite network, where one subset of nodes are conditions and the others are pathways (Figure 4) . There are few pathways shared between several conditions, for example "beta1 integrin cell surface interactions", "type i hemidesmosome assembly" and "gpcr signaling g alpha s epac and erk". Conversely, more pathways tend to be unique to one condition, for example in Luminal vs Unknown: "ncam1 interactions", "tnf signaling pathway", "jak stat core", "senescence associated secretory phenotype sasp", "peptide ligand binding receptors" and "validated transcriptional targets of ap1 family members fra1 and fra2". These results show that pathways are more efficient at discriminating between the different cancer subtypes than GO terms. 
D. Drug enrichment
We compared the gene expression responses of drugs with the set of DEGs in order to discover new candidates for drug repurposing [30] . We used the L1000CDS2 database to search for significant overlaps between drug responsive genes and DEGs. We focused on the reverse drug response, which means that suitable drug candidates should be able to decrease the expression of overexpressed genes and vice-versa. Some drugs are among the top candidates in several conditions, for example: Phorbol-12-myristate-13-acetate (PMA) appears in 7 out of 10 conditions; Mitoxantrone, Ingenol 3, 20-dibenzoate, Mitomycin C, CPT 11 and Kinetin riboside appear in 4 out of 10 conditions. Some drugs appear more specifically suited to a particular breast cancer subtype, for example: Prostratin and Ingenol 3, 20-dibenzoate appear in 3 out of 4 comparisons of Luminal vs other subtypes; Mitomycin C appears in 3 out of 4 comparisons of Claudin-low vs other subtypes.
E. Active subnetworks
Biological processes are the result of interactions between multiple proteins; these interactions can be represented using graphs where the edges represent different types of relations, such as physical protein-protein interactions, co-expression and common functional annotations [28] . Therefore, it is relevant to combine DEGs with an interaction network to identify "active" subnetworks that show a significant number of connected DEGs. We used the STRING database and applied the GIGA algorithm to find significantly enriched subnetworks for each condition. These subnetworks point towards processes that are unique to each condition. The number of active subnetworks was relatively consistent among all conditions, ranging from 23 to 30. The maximum size of active subnetworks ranged from 13 to 19.
F. Transcription factors
TFs regulate the expression of genes, therefore they give important clues on the control mechanism of dysregulated processes in various diseases. We used the RcisTarget database to find putative binding targets among the DEGs and we looked for the overlap between the targets of the TFs and the DEGs in each condition [27] . The highest number of enriched motifs was found in the Claudin-low vs Unknown condition (120).
G. Integration of active subnetworks with transcription factors
Subnetworks represent dysregulated processes and TFs are potential controllers of these processes. Examples of integration results are shown in Figure 5 . For the Luminal vs Non-malignant condition, Figure 5A shows a subnetwork of genes mainly involved in the G-protein coupled receptor signalling pathway, which are regulated by RAD21, PURA, DDX53, ZFP3 and SMAD3. The same TFs regulate the subnetwork shown in Figure 5B , which is involved in establishment of localization and cellular component organization. For the Claudin-low vs Non-malignant condition, Figure 5C shows a subnetwork mainly involved in extracellular matrix organisation and tissue development, which are regulated by TP53, PIK3C3, ZNF480 and VDR. The same TFs regulate the subnetwork shown in Figure 5D , which is involved in the immune response and signal transduction. 
IV. DISCUSSION
We based our analysis on a breast cancer transcriptomics dataset published in [9] , which investigated the association between expression, copy number and methylation data. These were measured by correlations at the cell line and gene levels. Machine learning was used to train a predictor of the response of different breast cancer subtypes to different drugs based on multiple pretreatment data. However, correlations are not necessarily an indication of a causal relationship. Network approaches enable us to move towards a more mechanistic understanding of complex diseases [14] . In particular, by integrating omics dataset with graph-based representations, it is possible to reveal new associations between genes, which are not only based on similarity of expression profiles but also on physically validated interactions.
Although breast cancer is a widely investigated disease, it is still challenging to treat due to its heterogeneity. Better understanding of the dysregulated genes, pathways and functions in different subtypes of breast cancer is necessary to lead to more personalized therapies [33] . We compared five different breast cancer subtypes and showed that this brings about original knowledge about differences between the subtypes. Our pathway analysis revealed several pathways associated to cancer such as: "direct p53 effectors", "apoptotic cleavage of cellular proteins", "inflammatory response" and "gpcr signalling". In particular, we showed that there is a higher diversity among the pathways associated to different subtypes than previously thought. Few DEPs were shared across several subtypes and the majority of DEPs were specific to a single subtype, enabling better discrimination than when DEGs are considered individually. This observation points towards more specific mechanisms for the different subtypes.
Mechanisms can be further understood by looking at active subnetworks and the associated TFs. We found multiple active subnetworks in all conditions consisting of up to 30 DEGs. In some cases, we were able to identify TFs with strong regulatory associations to active subnetworks. For example, TP53 is a well-known tumour suppressor which is involved in the regulation of multiple biological processes associated to cancer [34] ; SMAD3 was shown to be involved in both endometrial and breast cancer [35] ; DDX53 is known to act as an oncogene and to regulate responses to several anti-cancer drugs [36] . In addition, the overlap between active subnetworks and known drug responses provides valuable new information about potential therapies.
Given the wealth of available omics data on breast cancer, this study should be extended to multiple datasets in the future in order to get a more comprehensive coverage of breast cancer variety.
Moreover, experimental conditions and instrumentation used to collect transcriptomics data are highly variable, making it difficult to compare different studies. Therefore, strict normalization techniques are required to align different datasets and make them comparable, which often requires re-running the whole analysis using the raw data. This can only be achieved with the development of suitable bioinformatics tools to enable fast and semi-automated processing of large amounts of data.
Another issue that limits the re-use of such datasets is that they are often presented in formats that are challenging for use by non-bioinformaticians. For this reason, it is important to provide user-friendly interfaces to explore differential expression patterns and network analysis results in multiple conditions, so that they will be easily accessible to clinicians and biologists. BreastCancerVis is a unique, user-friendly web portal developed to fulfil these needs; it reduces the time needed to explore and visualize complex analyses and also offers new types of network-based analyses not found in conventional tools. In the future, we will enrich this portal by incorporating multiple breast cancer transcriptomics datasets to offer comprehensive coverage of breast cancer diversity.
